1. Introduction {#sec1}
===============

Potentially blinding retinal diseases such as age-related macular degeneration \[[@r1]\] (AMD), glaucoma \[[@r2]\] and diabetic retinopathy \[[@r3]\] cause significant changes in the retinal and choroidal vasculature and blood flow. Currently, standard clinical practice relies on fluorescent angiography \[[@r4]\] (FA) and indocyanine green angiography \[[@r5]\] (ICGA) for assessment of impaired retinal and choroidal blood flow respectively, in retinal pathologies. Since both FA and ICGA require intravenous injection of contrast agents, these methods are considered invasive and have been shown to be associated with various negative side effects in a subset of patients \[[@r5], [@r6]\].

Non-invasive optical methods such as laser Doppler velocimetry (LDV) \[[@r7]\], scanning laser Doppler flowmetry \[[@r8]\], laser speckle flowgraphy \[[@r9]\] have been utilized in the past for imaging retinal perfusion and measurement of the red blood cells average velocity and total blood flow in retinal and choroidal vessels. Since all of these methods are based on highly coherent light detection, they have a common shortcoming: poor discrimination between blood vessels located at different depths inside the retina or choroid.

Optical coherence tomography (OCT) is a non-invasive imaging modality based on detection of partially coherent light. As such, this technique allows for depth-resolved, cellular level resolution imaging of the structural composition of biological tissue at depths up to 1--2mm in scattering tissue \[[@r10], [@r11]\]. The ability of OCT to measure both the intensity and the phase of the scattered light has been utilized for development of Doppler OCT (D-OCT) for imaging and quantification of blood flow \[[@r12]\]. Since 1995, various D-OCT system designs, data acquisition schemes and data processing algorithms have been proposed for measuring the blood flow and mapping the vasculature of biological tissue \[[@r13]--[@r21]\]. Different versions of the D-OCT technology have been successfully used for mapping the perfusion of the human retina and choroid and for precise measurement of retinal and choroidal blood flow \[[@r22]--[@r24], [@r27]--[@r31]\].

Since retinal diseases such as AMD and diabetic retinopathy have been shown to alter the capillary networks in the inner and outer plexiform layers of the retina \[[@r25], [@r26]\], precise mapping of the inner retina microvasculature throughout different stages of the disease development may prove a useful marker for early disease diagnostics and evaluation of the efficacy of drug and surgical therapeutic approaches. Visualization of the inner retina capillaries on intensity based structural 3D OCT tomograms of the human retina is not optimal due to their fairly low optical contrast. The use of D-OCT technologies such as optical microangiography \[[@r27]\] (OMAG), motion contrast OCT \[[@r28]\], dual-beam phase-resolved D-OCT \[[@r31]\] and dual-beam-scan D-OCT \[[@r30]\], has been proven to improve the contrast and visibility of the inner retina microvasculature. However, all of these methods require complicated hardware, data and image processing software and/or time-consuming data acquisition procedures. An alternative approach would be to develop and utilize image processing algorithms that can be applied to structural OCT images of the retina for improved visualization of the retinal microvasculature. Preliminary results from such approaches, based on filtering techniques and random forest classification techniques were recently announced \[[@r32]\].

Here we present a novel OCT reconstruction method designed particularly to enhance the visualization of the capillary networks in the inner retina in structural retinal OCT tomograms. The novelty of the algorithm stems from the addition of a minimization framework used to reconstruct spatial domain data based on a tensor total variation (TTV) energy functional. This allows the reconstruction method to emphasize and enforce structural characteristics in a dynamic fashion to significantly enhance the visibility of coherent image features such as inner retina capillaries, even in the presence of speckle noise.

2. Methods {#sec2}
==========

In the proposed framework for improving the visualization of inner retina microvasculature in human retina OCT tomograms, the human retina was imaged *in-vivo* with a research grade high speed, ultrahigh resolution (UHROCT) system operating in the 1060nm wavelength region. The basic design and detailed description of the system was published \[[@r33]\] previously, however, the light source and the camera were recently updated to improve the axial resolution in the human retina and the image acquisition rate. Briefly, the UHROCT system used in this study is based on a spectral domain design, that utilizes a fiber-based Michelson interferometer interfaced to a super-luminescent diode (Superlum, *λc* = 1020nm, *δλ* = 110nm, *P~out~* = 10mW). The spectral output of the light source was custom designed to include a high power peak at ∼980nm where water absorption has a local maximum. As demonstrated with a computational model \[[@r34]\], the use of such spectral shaping can result in an improved axial resolution in the retina during *in-vivo* imaging. In this study, the use of the custom light source resulted in ∼5*μ*m axial and ∼15*μ*m lateral resolution in retinal tissue. Retinal tomograms were acquired with a novel InGaAs linear array, 1024 pixel camera (SUI, Goodrich) with 92kHz readout rate, that was interfaced with a high performance spectrometer (P&P Optica). The UHROCT system provided 95dB SNR for 1.3mW optical power incident on the human retina.

Volumetric images (512 × 512 × 512, corresponding to ∼10° scanning angle) were acquired *in-vivo* and reconstructed using the proposed TTV reconstruction method from the foveal region of the retina of a human subject. The imaging procedure was carried out in accordance with the University of Waterloo ethics regulations. Next, the tomograms were segmented at the retinal pigmented epithelium (RPE), using an automatic segmentation algorithm \[[@r35]\] and flattened by shifting adjacent A-scans to straighten the RPE layer. Subsequently, the stack of flattened retinal images was rendered in 3D and a sub-volume was obtained from locations corresponding to the interface between the inner plexiform and inner nuclear layers, and the outer plexiform layer of the retina, to visualize the inner retina microvasculature. The methodology behind the proposed TTV reconstruction method is described in detail in the subsequent section.

2.1. Proposed TTV reconstruction {#sec2-1}
--------------------------------

In OCT, a broad bandwidth light source is used to illuminate the imaged object at location (*x*, *y*). The back-scattered light from the object interferes with a reference optical beam with known optical delay. The intensity of the interference signal *S*(*z*), measured at a location (*x*, *y*), is a function of depth *z* in the imaged object. In traditional reconstruction methods, a 3D volumetric image *S*(*x*, *y*, *z*) is constructed by directly combining the axial scans *S*(*z*) acquired at different locations (*x*, *y*). However, such a traditional volumetric reconstruction, when applied to 3D OCT images of the human retina, results is fairly poor contrast of structural features such as the microvasculature of the inner retina. The presence of speckle noise in retinal OCT images hinders the visualization and analysis of small structural details such as retinal capillaries. Fortunately, retinal capillaries have strong, distinctive structural characteristics when compared with the surrounding tissue. Therefore, an enhanced reconstruction mechanism that emphasizes and enforces structural characteristics within the underlying data, could improve the visualization of the inner retina microvasculature.

Here, we propose the concept of tensor total variation reconstruction, where a minimization framework is developed and incorporated into the data reconstruction process based on a tensor total variation energy functional, a functional that is inspired by nonlinear diffusion strategies \[[@r36]--[@r40]\], and can be described as follows.

### 2.1.1. Three-dimensional structure tensor {#sec2-1-1}

For simplification, let *x* denote a vector representing the spatial coordinates (*x*, *y*, *z*). Let *S*(*x*) represent the 3D volumetric image. The structure tensor *J*(∇*S*) characterizes the geometry of local structures within *S* and can be defined as a symmetric positive definite matrix expressed by $$J{({\nabla S})} = K{(\sigma)}*{({\nabla S \cdot \nabla S^{T}})},$$where *K*(*σ*) is a Gaussian kernel with a spread defined by *σ*, \* is the convolution operator, and · is the dot product operator. The eigen-decomposition of *J*(∇*S*) can be expressed by $$J{({\nabla\text{S}})} = \begin{bmatrix}
\phi_{1} & \phi_{2} & \phi_{3} \\
\end{bmatrix}\begin{bmatrix}
\lambda_{1} & 0 & 0 \\
0 & \lambda_{2} & 0 \\
0 & 0 & \lambda_{3} \\
\end{bmatrix}\begin{bmatrix}
\phi_{1} & \phi_{2} & \phi_{3} \\
\end{bmatrix}^{T},$$where the eigenvectors *ϕ*~1~, *ϕ*~2~, and *ϕ*~3~ define the local structure orientation, while the eigenvalues *λ*~1~, *λ*~2~, and *λ*~3~ define the signal change according to the orientation defined by the eigen-vectors. A 3D hyperellipsoid visualization of the structure tensor is shown in [Fig. 1](#g001){ref-type="fig"}.

![A 3D hyperellipsoid visualization of the structure tensor.](boe-3-1-160-g001){#g001}

### 2.1.2. Tensor total variation minimization {#sec2-1-2}

Given the structure tensor *J*(∇*S*), extending upon the seminal work by Roussos and Maragos on the tensor functionals \[[@r41]\], the tensor energy functional used in TTV reconstruction for enforcing structural characteristics within the underlying data *S* can be defined as $$E{(S)} = {\int_{\Omega}{\left\lbrack {\sqrt{\lambda_{1}{({J{({\nabla S})}})}} + \sqrt{\lambda_{2}{({J{({\nabla S})}})}} + \sqrt{\lambda_{3}{({J{({\nabla S})}})}}} \right\rbrack d\underline{x},}}$$where Ω defines the image domain. Therefore, based on this tensor energy functional *E*(*S*), the TTV reconstructed 3D volumetric image *S~c~* can be defined as the 3D volumetric image configuration that minimizes *E*(*S*), $$S_{c} = \underset{S}{\text{argmin}}{\int_{\Omega}{\left\lbrack {\sqrt{\lambda_{1}{({J{({\nabla S})}})}} + \sqrt{\lambda_{2}{({J{({\nabla S})}})}} + \sqrt{\lambda_{3}{({J{({\nabla S})}})}}} \right\rbrack d\underline{x}.}}$$

In practice, the TTV reconstructed 3D volumetric image *S~c~* can be computed via a steepest descent optimization strategy \[[@r42]\], where the steepest descent for minimizing the tensor energy functional *E*(*s*) can be expressed as $$\frac{\partial S}{\partial t} = \mathit{div}\left( {K{(\sigma)}*\left( {\frac{1}{\sqrt{\lambda_{1}}}\phi_{1} \cdot \phi_{1}^{T} + \frac{1}{\sqrt{\lambda_{2}}}\phi_{2} \cdot \phi_{2}^{T} + \frac{1}{\sqrt{\lambda_{3}}}\phi_{3} \cdot \phi_{3}^{T}} \right)\nabla S} \right).$$

As such, if we were to let the initial state be the set of directly combined axial scans *S~c~*^0^ = *S*, the TTV reconstructed 3D volumetric image *S~c~* at iteration *t* + 1 of the optimization process can be written as $$S_{c}^{t + 1} = S_{c}^{t} + q\Delta S^{t},$$where Δ*S^t^* is the discretization of $\frac{\partial S}{\partial t}$ in [Eq. 5](#e05){ref-type="disp-formula"}, and *q* controls the degree of descent. We found that the use of the directly combined axial scans *S~c~*^0^ = *S* as the initial solution to provide sufficiently fast convergence (approximately 15 iterations based on empirical testing with human retinal data sets acquired *in-vivo*). Furthermore, using the directly combined axial scans acts as a good initial solution given that it allowed for convergence to the global minima for our test cases. One consideration to take into account is that for situations where the signal-to-noise ratio of the acquired data is much lower than the data presented here, the convergence rate would increase as the initial solution would be farther from the desired solution, and hence require greater number of iterations to reach the desired solution.

3. Results and discussion {#sec3}
=========================

To test the effectiveness of the proposed TTV reconstruction method for improving the visualization of inner retina microvasculature in human retina OCT tomograms, the method was applied on a human retinal data set acquired *in-vivo*. The data set was processed with the novel TTV reconstruction method using the steepest descent optimization strategy described in [Eq. 6](#e06){ref-type="disp-formula"}. A total of 15 iterations was performed as it was found to provide strong reconstruction performance, with *q* = 1 in [Eq. 6](#e06){ref-type="disp-formula"}, and *σ* = 1 for kernel *K*. Processing time was ∼50 sec for each sub-volume on an Intel Core 2 Duo 1.67 GHz PC with 2 GB of RAM. [Fig. 2](#g002){ref-type="fig"} shows en-face projections from the 3D UHROCT retinal tomogram.

![En-face projections from 3D volume showing retinal microvasculature. Same en-face projections processed with the novel TTV reconstruction method with *q* = 1 (B and D). White dashed-line squares in A and C mark areas of interest that were magnified and displayed in [Fig. 3](#g003){ref-type="fig"}.](boe-3-1-160-g002){#g002}

The image in [Fig. 2](#g002){ref-type="fig"} shows the retinal capillary network with fairly low contrast, with a central a-vascular region at the location of the fovea. Note that the capillaries located at the edges of the a-vascular area are poorly visible. The image in [fig. 2C](#g002){ref-type="fig"} shows a projection in depth of the outer nuclear and photoreceptor layers up to the outer limiting membrane. Note that the capillaries surrounding the a-vascular foveal region appear of higher contrast than similar vessels at larger radial distances from the foveal center. This effect is most likely due to the difference in the natural curvatures of the outer plexiform layer and the RPE close to the foveal center.

The corresponding en-face projections from the sub-volume reconstructed using the TTV reconstruction method are shown in [Fig. 2B](#g002){ref-type="fig"} and [Fig. 2D](#g002){ref-type="fig"}. The overall visibility of the retinal capillaries was improved, specifically at the rim of the a-vascular area.

A total of three areas of interests were marked in the projections of the standard reconstructed volume ([Fig. 2A](#g002){ref-type="fig"} and [Fig. 2C](#g002){ref-type="fig"}) with a white dashed-line squares, provide a closer look at the improvement of the visibility of certain imaging features. The magnified images are presented in [Fig. 3](#g003){ref-type="fig"}. A magnification factor of 3x was used for [Fig. 3(A--B)](#g003){ref-type="fig"} and [Fig. 3(E--F)](#g003){ref-type="fig"}, while a magnification factor of 2x was used for [Fig. 3(C--D)](#g003){ref-type="fig"}. En-face projections from the sub-volume reconstructed using the novel TTV reconstruction method are shown in [Fig. 3B](#g003){ref-type="fig"}, [Fig. 3D](#g003){ref-type="fig"}, and [Fig. 3F](#g003){ref-type="fig"}. A closer look at [Fig. 3](#g003){ref-type="fig"} shows that in the case when the contrast of the retinal capillaries in the standard reconstructed volume is fine ([Fig. 3A](#g003){ref-type="fig"} and [Fig. 3D](#g003){ref-type="fig"}), significant improvement of the visibility of the retinal microvasculature without saturation can be obtained using TTV reconstruction ([Fig. 3B](#g003){ref-type="fig"} and [Fig. 3D](#g003){ref-type="fig"}). Furthermore, even in the case when the contrast of the retinal capillaries in the standard reconstructed volume is poor ([Fig. 3E](#g003){ref-type="fig"}), significant improvement of the visibility of the retinal microvasculature without saturation can be obtained using TTV reconstruction ([Fig. 3F](#g003){ref-type="fig"}).

![Magnified view of the areas of interest marked with the white dashed-line squares in [Fig. 2A](#g002){ref-type="fig"} and [Fig. 2C](#g002){ref-type="fig"}. A magnification factor of 3x was used for (A--B) and (E--F), while a magnification factor of 2x was used for (C--D). En-face projections from the sub-volume reconstructed using the novel TTV reconstruction method (corresponding to the same white dashed-line squares except for [Fig. 2B](#g002){ref-type="fig"} and [Fig. 2D](#g002){ref-type="fig"}) is shown in (B), (D), and (F).](boe-3-1-160-g003){#g003}

Next, we investigate the effectiveness of TTV reconstruction at improving the contrast between retinal capillaries and surrounding tissue compared to standard reconstruction. This provides us with a good empirical sense as to how well the retinal capillaries can be distinguished, which is important for visual interpretation and analysis. To achieve this goal, the following contrast improvement factor *c* was measured as \[[@r43]\] $$c = \left( \frac{E{(S^{1})} + E{(S^{2})}}{E{(S^{1})} - E{(S^{2})}} \right)\left( \frac{E{(S_{c}^{1})} - E{(S_{c}^{2})}}{E{(S_{c}^{1})} + E{(S_{c}^{2})}} \right),$$where *E*(*S*^1^) and *E*(*S*^2^) are the expected values of the surrounding regions and retinal capillary regions of the standard reconstructed volume *S* respectively, and $E{(S_{c}^{1})}$ and $E{(S_{c}^{2})}$ are the expected values of the surrounding regions and retinal capillary regions of the TTV reconstructed volume *S~c~* respectively. For the tested volumes, it was found that the contrast improvement factor *c* for TTV reconstruction when compared to standard reconstruction was 2.83. What this indicates is that the contrast between retinal capillaries and surrounding tissue when using TTV reconstruction is significantly improved over standard reconstruction, when is very important for improving the visualization of retinal microvasculature.

In terms of improving the visualization of inner retinal microvasculature in retinal UHROCT tomograms, the proposed novel TTV reconstruction algorithm has some significant advantages over the D-OCT methods mentioned in Section 1 of this paper. For example, the TTV method does not require hardware modifications to the OCT system and can be applied to images acquired with any commercially available or research grade OCT technology. It does not require special scanning protocols that can increase the overall raw imaging data acquisition time or introduce additional motion artifacts. Therefore, this method is not restricted to the specific design of the OCT system and it can be applied to images acquired with any retinal SD-OCT, SS-OCT and TD-OCT, operating at 800nm or 1060nm. Furthermore, the TTV method is not restricted to research grade OCT systems and in principle can be applied to image acquired with any commercial ophthalmic OCT system that can visualize the inner retina microvasculature. In all cases the choice of the initial solution and the number of iterations for convergence may vary, to adapt to the image quality of the retinal data and result in optimal contrast improvement of the imaged microvasculature. Currently, the TTV method has not been tested on OCT images of biological tissue different than human retina. However, we expect that by modifying the input parameters of the algorithm, it can be adapted and optimized for images acquired from different types of biological tissue. The TTV method is fairly fast with the potential of practically real time display of the processed images if combined with FPGA or CUDA technology. In this manuscript, the TTV method was combined with pre-processing stage that involved segmentation and flattening of the retinal tomograms, because we used fairly wide angle images (∼10° scanning angle). This pre-processing step is not a pre-requisite for using the TTV reconstruction method with OCT tomograms and can be omitted, especially in the case when smaller areas of the retina need to be examined.

4. Conclusion {#sec4}
=============

In this paper, we have proposed a novel reconstruction method for retinal UHROCT imagery designed specifically to enhance the visualization of capillary networks in the inner retina. When compared to existing reconstruction methods from research literature using *in-vivo* retinal images, the proposed TTV reconstruction demonstrates superior contrast and visibility of the underlying capillary network structure, even in the presence of speckle noise. When combined with segmentation algorithms designed for blood vessels, the proposed algorithm can result in improved precision of the quantitative measurement of the blood vessel diameter, a parameter that is needed for quantitative investigation of blood flow.
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